In clinical studies, assessing agreement of multiple readings on the same subject plays an important role in the evaluation of continuous measurement scale. The multiple readings within a subject may be replicated readings by using the same method or=and readings by using several methods (e.g. di erent technologies or several raters). The traditional agreement data for a given subject often consist of either replicated readings from only one method or multiple readings from several methods where only one reading is taken from each of these methods. In the ÿrst case, only intra-method agreement can be evaluated. In the second case, traditional agreement indices such as intra-class correlation (ICC) or concordance correlation coe cient (CCC) is often reported as inter-method agreement. We argue that these indices are in fact measures of total agreement that contains both inter and intra agreement. Only if there are replicated readings from several methods for a given subject, then one can assess intra, inter and total agreement simultaneously. In this paper, we present new inter-method agreement index, inter-CCC, and total agreement index, total-CCC, for agreement data with replicated readings from several methods where the ICCs within methods are used to assess intra-method agreement for each of the several methods. The relationship of the total-CCC with the inter-CCC and the ICCs is investigated. We propose a generalized estimating equations approach for estimation and inference. Simulation studies are conducted to assess the performance of the proposed approach and data from a carotid stenosis screening study is used for illustration.
INTRODUCTION
In clinical studies, continuous scales are often taken by several methods (e.g. di erent technologies or di erent raters). Before using the measurement scale in practice, one often needs to assess agreement of multiple readings taken by several methods. If there is an observed disagreement, one often wants to know whether the disagreement is due to random error within a method or due to true di erences attributed by the di erent methods. If the disagreement is due to the random error within a particular method, this method may not be used in practice. If disagreement is due to the true di erence among the methods, the methods will need to be modiÿed for improvement. Therefore, assessing agreement often leads to assessing both intra-method agreement and inter-method agreement, where intra-method agreement measures consistency of readings taken by the same method and the inter-method agreement measures consistency of true readings attributed by the methods. A true reading here may be interpreted as the mean value of inÿnite replicated readings produced by the method on the same subject. Note that we deÿne the inter-method agreement based on the true readings, not on the observed readings, because we believe that the inter-method agreement should not be obscured by the random error within method. An observed reading is the sum of true reading by the method and a random error within the method. Traditionally, agreement data for a given subject often consist of replicated readings from only one method or multiple readings from several methods where only one reading is taken from each of the several methods. In the ÿrst case, only intra-method agreement can be evaluated. In the second case, one cannot evaluate intra-method agreement nor inter-method agreement because one cannot estimate the random variation within a method and the method's true reading when there are no replications within a method. Because observed multiple readings contain variation due to both true di erences attributed by the methods and random error within the methods, any agreement measure based on the observed readings are in fact total agreement that contains both intra-and inter-method agreement. Therefore, the popular agreement indices based on the observed readings such as concordance correlation coe cient (CCC) [1] or di erent versions of intra-class correlation coe cient (ICC) [2] are in fact the measure of total agreement although they are often reported as inter-method agreement. Most of the ICC indices make assumptions that the means and=or variances of readings by di erent methods are equal (the exchangeable assumption). This assumption may not be realistic because one method may produce consistently higher value than other method and one method may have larger variability than other method. We will focus on CCC-type indices except in assessing intra agreement.
To assess intra, inter and total agreement simultaneously, we advocate an agreement study design where each of the di erent methods produce replicated readings on each subject. With replicated readings, we can use intra-ICC to evaluate intra-method agreement for each method. A new index, inter-CCC, is proposed in Section 2 to assess the inter-method agreement based on the true readings. The total agreement is evaluated with another proposed index, total-CCC, based on observed readings (see Section 2). We also investigate the relationship of the total-CCC with intra-ICCs and inter-CCC. In Section 3, we propose a generalized estimating equations (GEE) approach for estimation and inferences about these indices. We conduct simulation studies to assess the performance of a GEE approach in Section 4. In Section 5, we use data from a carotid stenosis screening study to illustrate the use of these indices. In Section 6, we extend the proposed 2. METHOD Suppose that there are N randomly selected subjects and J ÿxed methods, where jth method produces K ij (K ij ¿ 2) replicated measurements for the ith subject. Here, we allow the number of replications to be di erent by methods and subjects. Thus, without making any distributional assumption, it is reasonable to assume that conditional on subject i and method j the replicated measurements Y ijk ; k = 1; : : : ; K ij , are independently and identically distributed (iid). Let E k (Y ijk |ij) = ij and Var k (Y ijk |ij) = 2 ij be the conditional mean and variance of Y ijk . We use E k (X ) and Var k (X ), respectively, to denote the expectation and variance with respect to the random variable X associated with index k. Similarly, we use index ij in the conditioning argument to denote conditioning on subject i and method j. Here ij is a random variable because subjects are considered random. The parameter ij can be viewed as the true reading of the jth method on the ith subject. This reading can be interpreted as the mean value of the jth method produced on the ith subject if the jth method could produce inÿnitely many replicated readings on the ith subject. Let Y ijk = ij + e ijk . We use the following notation and assumptions:
2 * j , e ijk are mutually independent, ij and e ijk are mutually independent. Here, we use * in place of index i to denote the expectation with respect to the random variable associated with index i.
Using ICCs to assess intra-method agreement
For a given method, say method j, we have E i (y ijk |j) = * j and Var i (y ijk |j) = 2 j + 2 * j for any k. Thus, the interchangeability assumption is met for intraclass correlation coe cient under the one-way ANOVA model [3] for the jth method. The jth ICC can be written as
The ICCs, I j 's, can be used to assess intra-method agreement.
Using inter-CCC to assess inter-method agreement
Lin [1] proposed a concordance correlation coe cient (CCC) to evaluate the agreement between two ÿxed methods. Barnhart et al. [4] extended the CCC to overall CCC (OCCC) for evaluating agreement among multiple methods each taking one reading for each subject. In this paper, we use the abbreviation CCC for concordance correlation coe cient, regardless of whether there are two or more than two methods. As stated in the introduction, these indices are deÿned at the level of observed readings and thus are, in fact, measures of total (inter+intra) method agreement. Because we are interested in an inter-method agreement index based on the di erence of the methods' true readings, we use the true inter-method variability, replaced by ij 's
where j is the random vector with the ith component as ij . The proposed inter-CCC has the following properties similar to OCCC:
• −16 c ( )61, c ( ) = 1 indicates a perfect inter-method agreement without concerning any internal error of a method.
• c ( ) can be expressed as a function of * j 's, j 's and jj .
• c ( ) is a weighted average of pairwise inter-CCCs.
where jj = 2 j + 2 j +( * j − * j ) 2 is the weight for the pair (j; j ), c(jj ) ( ) = 2 jj j j =[
is the inter-CCC between method j and method j . • If we assume jj = for all j and j , i.e. the same precision for all the pairs of methods, then the inter-CCC can be expressed as a product of precision and overall accuracy, c ( ) = a , where is the precision and a = (2
is the overall accuracy.
• Equation (2) does not contain the term 2 * j , indicating that it is not a ected by the random error within method.
Using total-CCC to assess total agreement
As mentioned in the previous sub-section, the CCC and the OCCC measure the total agreement between two methods and multiple methods, respectively, when K ij = 1. In this sub-section, we extend the index to total-CCC for the general case of K ij ¿2. For the purpose of deÿnition that is consistent with CCC and OCCC, the total-CCC is based on a set of J observed readings where no two readings are from the same method. This is also due to the intent that only a single reading from one of the methods (instead of the average of readings from several methods) will be used in practice if the agreement among methods is shown to be high. Because the replicated readings made by the same method are iid, we can use J observed readings from a random sample of size J where the jth reading is randomly sampled from the K ij readings made by method j. Speciÿcally, let Y ijo denote a randomly selected reading from the K ij readings, Y ij1 ; : : : ; Y ijKij , made by method j on subject i. Then (Y ijo ; j = 1; : : : ; J ) forms a random sample of J readings for subject i. Let Y i•o be the arithmetic mean of all Y ijo s, j = 1; : : : ; J . We deÿne total-CCC as
ij + e ij k ) = jj j j . We can rewrite the total-CCC as a function of the * j s,
The total-CCC reduces to the CCC if K ij = 1 and J = 2. This index is also the OCCC if K ij = 1 and J ¿2. Note that the total-CCC depends only on the distribution of Y ijk . It does not depend on the random sampling of the readings nor on the number of replications (K ij ).
The di erence between the total-CCC in (4) and the inter-CCC in (2) is that equation (4) contains the term 2 * j . This is because c (Y ) is deÿned at the level of observed readings. The total-CCC contains both between method and within method variability. Therefore, the total-CCC is a function of the inter-CCC and the ICCs. We investigate the relationship among the three indices in the next sub-section.
Relationship among total-CCC, inter-CCC and ICCs
Rewriting formula (4), the total-CCC is related to the inter-CCC and the ICCs as
where
. This implies • c ( ) is always greater than or equal to c (Y ), assuming that the correlation between a pair of methods' readings is positive. In other words, there is more agreement between methods' true readings than between methods' observed readings.
• The weight ! j is the ratio of the variance of the jth method to the average of all the between-method's variances.
• The bigger the c ( ), the bigger the c (Y ); the bigger the I j s, the bigger the c (Y ). In other words, high total agreement among methods implies both high inter-method and the high intra-method agreement. (1), (2) and (4) show that I j , c ( ), and c (Y ) are functions of Â. Therefore, estimation of these indices can be obtained by plugging in the estimate of Â into these equations:
ESTIMATION AND INFERENCE
If we haveÂ and the estimated covariance matrix ofÂ, then we will use delta method to perform inference onˆ
. Below we propose a GEE approach [5] [6] [7] for obtaining the estimates of Â and covariance matrix ofÂ.
Following the notations and assumptions as Section 2.1, we can estimate the parameters * = ( * 1 ; : : : ; * J ) , 2 = ( 
where D i1 = @ * =@ * = I J and V i1 is the working covariance matrix for Y i . Here I J is a J × J identity matrix.
• In the second set of estimating equations, we estimate
2 * = I J , and V i2 is the working covariance matrix for U i .
• The third set of estimating equations is to estimate 2 by modelling the marginal mean of W i .
2 )) = 0 
We use Fisher's Ztransformation to model the correlation of pairwise true readings of methods as
where Q ijj is an indicator variable for pairs (j; j ) when no other covariates are involved.
We will discuss the case with covariates in Section 6. There are two reasons to model the jj through Fisher's Z-transformation. First, ranges from −∞ to ∞ so that it can e ectively control the boundary problem. Second, according to Lin [1] , this transformation provides better normality and stability. We estimate by the following estimating equations:
2 * ; * ) = E(Z i ) and V i4 is the working covariance matrix for Z i .
The estimating process begins by obtainingˆ * andˆ 2 * in the ÿrst two estimating equations via a modiÿed Fisher-scoring algorithm. We then plugˆ * andˆ 2 * in for * and 2 * in the third estimating equation and solve for 2 . Next, we plug inˆ * ,ˆ 2 * andˆ 2 into the fourth estimating equation and solve for . Estimate for is then obtained by using the inverse of the Fisher's Z-transformation. If there are no covariates involved in the study and the independent working covariance matrices are used in each set of estimating equations, the estimates of * , 2 , and 2 * can be expressed in closed forms and they turn out to be the moment estimates. The estimate of can be solved by using a Fisher-scoring numerical method. In our simulation studies (Section 4), we set these working covariance matrices, V i1 , V i2 , V i3 and V i4 , as the sample covariance matrices of Y i• , U i , W i and Z i , respectively. Following Barnhart and Williamson [8] and Prentice [9] , we can similarly obtain an empirically corrected covariance matrix for the estimated parametersÂ = (ˆ * ;ˆ 2 ;ˆ 2 * ;ˆ ) . If the data are normally distributed, we can obtain estimates for Â by using MIXED procedure in the popular commercial software SAS [10] . The following syntax may be used:
class id method; model Y=method/noint s; random method/G subject=id type=un V; repeated /R group=method; run;
where the solution in the model statement provides the estimate for * , the G matrix provides the estimates for 2 and , and the R matrix provides the estimates for be able to carry out inferences. An alternative approach is to ÿnd the estimate for covariance ofÂ via bootstrap approach where sampling with replacement is taken at subject level.
SIMULATION STUDY
Simulation studies were conducted to evaluate the performance of the GEE approach for estimation and inference of the proposed indices. Simulations were performed for small (n = 25), moderate (n = 50) and large sample sizes (n = 100, and 400) with two settings of parameters. In both settings, we assume that there are three methods and that each method produces K ij = 3 replicated readings on each subject. We ÿrst generate ( i1 ; i2 ; i3 ) from a three-dimensional (3D) multivariate normal distribution with mean * = ( * 1 ; * 2 ; * 3 ) and covariance matrix with 2 j and jj j j in the diagonal and o diagonal entries, respectively. Second, we generate (e ij1 ; e ij2 ; e ij3 ) from a 3D multivariate normal distribution with mean (0; 0; 0) and covariance matrix ej = 2 * j I 3 , j = 1; 2; 3. Then the data for the ith subject is (y i12 ; y i13 ; y i21 ; y i22 ; y i23 ; y i31 ; y i32 ; y i33 ) with y ijk = ij + e ijk ; j = 1; 2; 3 and k = 1; 2; 3: Simulation results are based on 1000 simulated data sets.
The ÿrst parameter setting assumes that there is a small mean change among the true readings of each method and a high correlation among pairs of the true readings. We also assume low intra-method variability. This parameter setting implies high inter, moderate intra and total agreement as shown in Table I . Speciÿcally, we used * = (0; 0:1; 0:2) , 2 * = (1:0; 1:1; 1:2) , 2 = (4:0; 4:1; 4:2) and = (0:96; 0:97; 0:98) . We evaluated the performance of the GEE approach for this parameter setting based on 1000 simulated data sets. Table I shows the results of the GEE approach. These results indicate that for small sample size, there exists a minor bias on the point estimation and this method tends to underestimate the true parameter. For large sample sizes, the point estimation tends to be unbiased, indicating the consistency of the point estimates of these indices. The 95 per cent coverage is very close to 95 per cent for the large sample sizes.
The second parameter setting is designed for a large within method variability compared with the variability of the true readings of the methods. We used moderate correlation coefÿcients among the 'true' readings of all the three methods. Speciÿcally, we set * = (1:0; 1:2; 1:4) , 2 * = (2:0; 3:0; 4:0) , 2 = (2:0; 3:0; 4:0) and = (0:5; 0:6; 0:7) . This parameter setting implies moderate to low inter, intra and total agreement (see Table II ). We present the simulation results of the GEE in Table II . From this table, we observe a similar trend in the results as shown in the ÿrst simulation study.
EXAMPLE
We use data from a carotid stenosis screening study conducted at Emory University from 1994 to 1996 for illustration. The data was originally analysed in previous papers [4, 8] . The purpose of the carotid stenosis screening study is to determine the suitability of the two magnetic resonance angiography (MRA) method and the intra-arterial angiogram (IA) method. The two methods using the MRA technology are two-dimensional (2D) time of ight and 3D time of ight. For each method, three raters using all three methods measured the carotid stenosis of both the left and right arteries for 55 subjects. One would like to estimate intra-, inter-method and total agreement between the three methods. Because there are also raters involved, one may also like to ÿnd out intra-, inter-and total agreement between the three raters. However, because there is no replications made by the raters, we can only assess total agreement between the three raters. We make the assumption that the three rater's readings using the same method are replications of the method. This is supported by previous analyses. According to the results in Reference [4] , the accuracy component of the OCCC among the three raters using the same method is very high (¿0:96). Therefore, it is reasonable to treat readings from the three raters of each method as replications of each method. This assumption is also supported by scatter plots (not shown) where readings by the three raters using the same method scatter evenly around the 45 • line. When we treat the readings from the three raters using a particular method as the replications for this method, the total agreement between the three raters using a particular method is in fact the intra-method agreement. Therefore, we only assess intra-, inter-method and total agreement between the three methods here. Table III show the points estimates using the GEE and mixed model approaches and 95 per cent CI based on the GEE approach for left and right arteries separately. Estimates based on GEE and MIXED procedure are very similar indicating that the data are probably normally distributed. Therefore, our discussion of results are based on the GEE approach here where standard errors are the by-product of the approach. Overall, the total agreement among the three methods is poor (0.533 and 0.594 for left and right arteries, respectively). This is due to moderate inter-method agreement (0.763 and 0.848 for left and right arteries, respectively) and fair intra-method agreement (about 0.61-0.62) using the MRA technology. The intra-method agreement using the IA method is high (0.882 and 0.915 for left and right arteries, respectively). By examining the pairwise intermethod agreement, we note that the moderate inter-method agreement is due to the moderate agreement between the methods using di erent technology (IA vs MRA 2D or IA vs MRA 3D) (pairwise inter-method agreement ranging from 0.624 to 0.846). The pair inter-method agreement between the MRA 2D and MRA 3D method is actually high (0.925 and 0.943 for left and right arteries, respectively) indicating that there is not major true di erences between the methods using the MRA technology. If one needs to choose one of the two MRA methods, the MRA 2D may be preferred because it may be easier to produce and to examine 2D images than the 3D images. In summary, we observe disagreement among the two MRA methods and the IA method. This is mainly due to disagreement among raters using the MRA methods. Therefore, training is needed for raters who use the MRA methods in order to improve the agreement between the MRA methods and the IA methods. There is no di erence among the two MRA methods.
We observe that the inter-method agreement of the two methods using the same MRA technology is higher than the inter-method agreement of the two methods using di erent technology. It is of interest to test whether the di erence is signiÿcant. We extend our approach to incorporate covariate impact on agreement in the next section which allows us to carry out such a test.
AN EXTENSION
If an agreement study also contains information on covariates, such as age, gender, rater experience, etc. then it may be of interest to investigate the direction of association between the covariates and the agreement index so that we can better understand the impact of the covariates on the measurement process. The proposed GEE approach can be easily extended to incorporate covariates. Let Y i (i = 1; : : : ; N ) be the vector of readings for subject i with corresponding matrix X i for p covariates. The covariates can either be subject-speciÿc or method-speciÿc or both. First, we model the marginal mean of
The parameter estimates of ÿ are obtained by GEE as
where D i1 = @ i =@ÿ and V i1 is the working covariance matrix. In the second and third sets of estimating equations, we estimate 2 * and 2 . For simplicity, we assume that 2 * and 2 do not depend on covariates. The second and third sets of estimating equations are as follows: 
We use Fisher's Z-transformation to model the pairwise inter-CCCs, c(jj ) ( ), as: (1=2) log(1 + c(jj ) ( ))=(1 − c(jj ) ( )) = Q ijj . where Q ijj includes a subset of covariates of X i as well as indicator variables for pair (j; j ). Therefore, the fourth set of estimating equations is to obtain the parameter estimates of by modelling the marginal mean of
We apply the above extension to the carotid stenosis example to test whether the intermethod agreement between two methods (MRA 2D vs MRA 3D) using the MRA technology is di erent from the inter-method agreement between two methods using di erent technology (IA vs MRA 2D and IA vs MRA 3D). We used the following design matrices for X and Q. X is a 3 × 3 design matrix formed by intercept term and two indicator variables for the MRA 2D and MRA 3D methods, respectively. Let * = ( * 1 ; * 2 ; * 3 ) be the means of IA, MRA 2D, and MRA 3D readings, respectively, then we have
Q is a matrix formed by intercept term and two indicator variables for method pairs of (IA, MRA 2D) and (IA, MRA 3D) respectively. We then have for left and right arteries, respectively. The p-value for testing H 0 : 1 = 0 is 0.143 and 0.222 for the left and right artery, respectively, indicating that the inter-CCC between methods of MRA 2D and MRA 3D is not signiÿcantly higher than the inter-CCC between method IA and MAR 2D. The p-value for testing H 0 : 2 = 0 is 0.042 for the left artery and 0.101 for the right artery. Therefore, the inter-method agreement of the two MRA methods is signiÿcantly higher than that of the IA and MRA 3D methods for the left artery.
DISCUSSION
In this paper, we have proposed indices for assessing the intra, inter and the total agreement with replicated readings produced by several methods, where the methods can be either di erent technologies, instruments, or human observers. We evaluated the inter-method agreement based on the method's true readings. We used the ICC of a one-way ANOVA model to assess the intra-method agreement and we developed the total agreement index based on the observed readings. Furthermore, we investigated the relationship between the total agreement index and intra, inter agreement indices. These indices help to identify whether the disagreement is due to either intra-method variability or inter-method variability or both. Therefore, these indices provide directions on how to improve agreement among multiple methods. We proposed the GEE approach for estimation and inference of these indices. We evaluated the performance of GEE through simulation studies and we used the data from a carotid stenosis study to illustrate the use of the proposed methods. We also presented an extension of evaluating the covariates' e ect on agreement. We note that the mixed model approach can be used to obtain estimates from SAS software if the data is normal. However, inference using the mixed model approach will require bootstrapping and it is not obvious how to incorporate covariates e ects on the correlation parameters. The GEE approach is attractive due to its easy implementation when there are covariates.
We used CCC-type indices to assess inter-method and total agreement because these indices do not require exchangeable assumption that is needed in ICC-type indices based on classical test theory [11] . Extending the classical test theory, generalizability theory (GT) [12, 13] has been developed to assess measurements in education and psychology. Although the coe cients deÿned in the context of GT also do not require the exchangeable assumption, they depend on explicit speciÿcation of ANOVA models. It is possible to extend the deÿnitions of these coe cients using the GT concepts without the ANOVA model assumption and then compare these coe cients to the CCC-type indices. This is beyond the scope of this paper and it is a topic for future research. For a special case where there are J ÿxed methods and no replications, if we further assume that the readings follow a two way ANOVA model without interaction where subject is treated as random e ect and method is treated as ÿxed e ect, then the CCC (total agreement) is the same as one version of ICC (case 3A in Reference [14] ) and the coe cient of dependability under GT.
Dunn and Roberts [15] developed a modelling approach for method comparison data. Their approach di ers from ours in two aspects. First, Dunn and Roberts [15] made the assumption that the true value from one method is linearly related to the true value of the other method at the subject level. This assumption will impose restriction of jj = 1 in our context. Second, Dunn and Roberts used the ratio of the precision to compare inter-method agreement. Based on the deÿnition, this ratio is in fact an index of partial total agreement. The ratio is a measure of total agreement because it is deÿned at the level of observed readings (noting that intra-method variabilities are used in the formula of this ratio). It is only a partial measure of total agreement because only the scale shift (ÿ parameter in their paper), no location shift ( parameter in their paper) between the true values is taken into account in the deÿnition.
Our research focuses on the ÿxed methods only. In practice, the methods may be considered as a random sample from a large population. This will be a topic for future investigation. Haber et al. [16] have developed a new index, coe cient of inter-observer variability (CIV), for evaluating observer agreement. The main di erence between CIV and CCC-type indices is that the two coe cients are scaled di erently. The CIV does not depend on the betweensubject variability, and it does not depend on whether the raters are considered ÿxed or random. It would be of future interest to study the relationship between the CIV and the CCC-type indices.
To design an agreement study with replications, one will need to decide on the optimal choices of number of subjects and number of replications. This is the topic for our future research.
